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In regression analysis, the existence of unobserved factors can cause biases in estimating parameters. Suppose that the true relationship in the data is $$y = X\beta + Z\delta + \epsilon,$$ where $\documentclass[12pt]{minimal}
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With the development of high-throughput technologies in biomedical sciences, high-dimensional data are routinely collected and analysed to find biologically meaningful features. Unobserved factors can cause adverse effects, including inflation of Type I error and/or power loss ([@B29]). Although in practice great efforts are made to control confounders, such efforts may be insufficient to avoid all confounding issues ([@B16]).

Principal component analysis on the original or residualized features after removing the effects of observed dependent variables has often been used to identify hidden factors, and has been successful in identifying and controlling for population stratification in genome-wide association studies ([@B26]). However, principal component analysis-based approaches are less effective for gene expression studies, where the hidden factors can affect a subset of features with relatively large effects ([@B20]). To overcome this limitation, surrogate variable analysis has been proposed ([@B20], [@B21]; [@B32]; [@B5]) for microarray data. [@B20] initially developed a two-step approach which involves first identifying a subset of features that may be affected by hidden factors but not by primary variables, and then performing principal component analysis on the selected features. Later, they modified the approach to a weighted principal component analysis, where each feature is weighted according to its probability of being affected by the hidden factors only ([@B21]). Surrogate variable analysis has been extended to factor analysis ([@B7]) and mixed-effect models ([@B23]). Recently, assuming that negative control genes are known, [@B9] proposed a surrogate variable method.

Surrogate variable analysis has been successfully applied to many genomic studies ([@B6]; [@B31]), but existing methods may fail to identify hidden factors. Strong correlation between hidden factors and primary variables can prevent the two-step and weighted principal component-based surrogate variable methods from identifying features that are affected by hidden factors only. If negative control genes are affected by primary variables or if the observed variation in negative control genes does not reflect unwanted variations in the entire genome, the methods for removing unwanted variation can also fail to identify true hidden factors.

In this paper, we propose a simple and straightforward method for identifying hidden factors and adjusting for their effects. Our approach, called direct surrogate variable analysis, is based on the observation that naïve estimators of the effects of the primary variables are biased when the effects of hidden factors are ignored in the analysis, but the bias can be estimated and removed using singular value decomposition on residuals. We derive the asymptotic properties of our estimators using techniques recently developed for the ultrahigh-dimensional regime ([@B17]) and the connection between our estimating procedure and the restricted least-squares method ([@B11]). An R package ([@B27]) implementing the proposed approach, dSVA, can be downloaded from the comprehensive R archive network.

2. Methods {#SEC2}
==========

2.1. Direct surrogate variable analysis {#SEC2.1}
---------------------------------------
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2.2. Consistency of the proposed estimators {#SEC2.2}
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2.3. Relationship to the restricted least-squares method {#SEC2.3}
--------------------------------------------------------
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3. Numerical studies {#SEC3}
====================

3.1. Simulation studies {#SEC3.1}
-----------------------

We performed simulations to compare the proposed approach with existing methods in a wide range of scenarios. For each simulated dataset, 5000 features and 100 samples were generated from the regression model $$y_{ji} = \beta_{i}x_{j} + z_{j}^{T}\delta_{i} + \epsilon_{ji}\quad(j = 1,\ldots,100;\ i = 1,\ldots,5000),$$ where $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$\epsilon_{ji}$\end{document}$ was generated from $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$N(0, \sigma_i^2)$\end{document}$ with $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$\sigma_i^2$\end{document}$ following an [ig]{.smallcaps}$\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$(10,9)$\end{document}$ distribution, which yields $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$E(\sigma_i^2)=1$\end{document}$ and $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}${\rm var}(\sigma_i^2)=0{\cdot}125$\end{document}$.

A total of 864 simulation settings are summarized in [Table 1](#T1){ref-type="table"}. The binary and continuous $\documentclass[12pt]{minimal}
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$$x_{j} = \left\{ \begin{array}{ll}
{0,} & {j \leq 50,} \\
{1,} & {j > 50,} \\
\end{array} \right.\,\qquad x_{j} = \left\{ \begin{array}{ll}
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{N(1,0 \cdot 5),} & {j > 50,} \\
\end{array} \right.\,$$ and the first two hidden factors were simulated from $$\begin{array}{cl}
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Nine different methods were compared: direct surrogate variable analysis; regression model ([1](#asx018M1){ref-type="disp-formula"}), where the hidden factors are assumed to be known and included in the analysis; a no-adjustment model, i.e., regression model ([2](#asx018M2){ref-type="disp-formula"}), where the hidden factors are ignored in the analysis; the iteratively reweighted surrogate variable analysis of [@B21]; the two-step surrogate variable analysis of [@B20]; principal component analysis on the residuals; principal component analysis on the original measurements of the features; latent effect adjustment after primary projection ([@B30]); and four-step remove unwanted variation ([@B8]). Latent effect adjustment after primary projection uses an outlier detection approach after initial data projection to adjust for hidden factors. We treated the second method as a gold standard. In both principal component analyses, top principal components were selected and treated as surrogate variables.
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For each simulation set-up, 200 datasets were generated and the performance of each method was evaluated based on (i) empirical false discovery rates, where the significant findings were determined by the [@B2] procedure for a targeted false discovery rate of $\documentclass[12pt]{minimal}
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[Figure 1](#F1){ref-type="fig"} shows simulation results from a scenario where Condition 5 was satisfied, i.e., $\documentclass[12pt]{minimal}
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Fig. 1.Comparisons of the proposed and competing methods when $\documentclass[12pt]{minimal}
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}{}$0{\cdot}5$\end{document}$; (c) the mean area under the receiver operating characteristic curve, AUC; and (d) the mean squared errors, MSE. The methods compared are: dSVA, direct surrogate variable analysis; KnownZ, hidden factors known and included in the model; NoAdj, no adjustment for hidden factors; IRW, iteratively reweighted surrogate variable analysis; 2-SVA, two-step surrogate variable analysis; rPCA, principal component analysis on the residuals; PCA, principal component analysis on the original measured features; LEAPP, latent effect adjustment after primary projection; RUV4-High, four-step remove unwanted variation method with high-quality control genes; RUV4-Poor, four-step remove unwanted variation method with poor-quality control genes; RUV4-High2, RUV4-High with $\documentclass[12pt]{minimal}
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Fig. 2.Comparison of direct surrogate variable analysis, dSVA, and the four-step remove unwanted variation method with high-quality control genes, RUV4-High, when $\documentclass[12pt]{minimal}
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}{}$\rho = 0$\end{document}$: (a) mean empirical false discovery rate; (b) mean area under the receiver operating characteristic curve; (c) mean squared errors.

To investigate the effect of each simulation parameter on the performance of the methods when $\documentclass[12pt]{minimal}
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Fig. 3.Comparison of mean empirical false discovery rates when $\documentclass[12pt]{minimal}
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}{}$\delta$\end{document}$; 10%, 20%, 40% or 60%. In each simulation setting, 200 datasets were generated to obtain the mean empirical false discovery rates. The methods compared are: dSVA, direct surrogate variable analysis; IRW, iteratively reweighted surrogate variable analysis; 2-SVA, two-step surrogate variable analysis; LEAPP, latent effect adjustment after primary projection; RUV4-High, four-step remove unwanted variation method with high-quality control genes; RUV4-Poor, four-step remove unwanted variation method with poor-quality control genes.

Additional simulation results are presented in the [Supplementary Material](#sup1){ref-type="supplementary-material"}. Our proposed approach was observed to perform well even when $\documentclass[12pt]{minimal}
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}{}$q$\end{document}$ was overestimated and Condition 5 was moderately violated. Overall, our simulation study shows that the proposed method can outperform existing methods in diverse scenarios.

3.2. Application to real data {#SEC3.2}
-----------------------------

We downloaded the Hapmap dataset GSE5859 from the National Center for Biotechnology Information gene expression omnibus website to investigate differentially expressed genes between European and Asian populations ([@B28]). This dataset contains 8793 genes, or features, and 208 samples from three continental populations: 102 European, 65 Chinese, and 41 Japanese. The affy package ([@B10]) was used for background correction and quantile normalization ([@B3]). In the [Supplementary Material](#sup1){ref-type="supplementary-material"} we perform an analysis without quantile normalization as a sensitivity analysis. Similar to the original study, we restricted the analysis to 4044 reliably expressed genes in at least 80% of the samples in one population ([@B28]).

The original study showed that nearly 70% of genes were differentially expressed across the European and Asian samples ([@B28]), but it was subsequently discovered that the calendar year in which each sample was processed was a strong confounding factor ([@B1]; [@B19]), and many of the positive findings could potentially be false. In this analysis, we considered a scenario where the researchers did not record the calendar year of sample collection and investigated whether the proposed surrogate variable analysis could capture the year effect. We treated year as a categorical response variable and estimated the proportion of variability that can be explained by the surrogate variables.

[Table 2](#T2){ref-type="table"} shows the proportion of the variability explained by surrogate variables estimated by four different methods. Since the estimated variability would increase with the number of surrogate variables, for a fair comparison we used $\documentclass[12pt]{minimal}
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}{}$q=25$\end{document}$ for all the methods, which was estimated by the method of [@B4]. Both direct surrogate variable analysis and the remove unwanted variation method performed well, as 70% and 73% of the variability was explained by the surrogate variables estimated from these respective methods. In contrast, the surrogate variables from the iteratively reweighted and two-step surrogate variable analysis approaches explained only 41% and 64% of the variability in year, respectively. We also considered different combinations of the populations. Direct surrogate variable analysis and the four-step remove unwanted variation method again consistently outperformed the other methods.

Table 2*Proportion of variability in year explained by the estimated surrogate variables; for a fair comparison, the same number of surrogate variables was used in all the methods*TypeNumber of surrogate variablesdSVAIRW2-SVARUV4EUR vs (JPT + CHI)25$\documentclass[12pt]{minimal}
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When we applied two-step surrogate variable analysis and the four-step remove unwanted variation method to the Hapmap data, 15% and 18% of genes, respectively, were declared to be differentially expressed between the European and Asian populations at false discovery rate $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$0{\cdot}01$\end{document}$. In contrast, 65% of genes were found to be significant by iteratively reweighted surrogate variable analysis at the same false discovery rate, indicating that this method fails to identify the effects of the hidden factors. When we included year as a covariate in the regression analysis, only 28 genes, i.e., $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$0\cdot7\%$\end{document}$ of the tested genes, were significant at false discovery rate $\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$0{\cdot}01$\end{document}$, because year was nearly nested within each population. All Asian samples were processed in 2005 and 2006, but only three European samples were processed in those two years. Among these 28 genes, 15 were significant according to direct surrogate variable analysis. On the other hand, 12 and 14 genes, respectively, were significant by two-step surrogate variable analysis and the four-step remove unwanted variation method.

We carried out an additional analysis using the same dataset to identify genes differentially expressed by gender. Since genes in sex chromosomes can be used as positive control genes, this additional analysis can be used to directly evaluate the performance of each method. The results show that our method had comparable or slightly better performance than the competing methods; see the [Supplementary Material](#sup1){ref-type="supplementary-material"} for details.

4. Discussion and conclusion {#SEC4}
============================

Surrogate variable analysis was originally proposed for gene expression data, but it has since been applied to epigenetic data as well ([@B32]; [@B24]). Recently, surrogate variable analysis has been extended to {prediction} and clustering problems. For example, [@B25] developed frozen surrogate variable analysis to remove batch effects for prediction problems, and [@B12] extended the remove unwanted variation method to unsupervised learning. Direct surrogate variable analysis was mainly developed for differential expression analysis, but it can be extended to other types of -omics data, as well as to prediction problems, by adopting the approaches used in frozen surrogate variable analysis. We leave such extensions for future research. One key assumption of the proposed method is Condition 5, which requires that the vector of $\documentclass[12pt]{minimal}
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}{}$m$\end{document}$ genes be asymptotically orthogonal after mean centring. We think that this is reasonable for many biomedical datasets. In our real-data analysis, for example, batch effects are purely technical issues and their effect sizes would not be correlated with those of population differences. Moreover, our method is robust with respect to moderate violations of this condition. In simulation studies, for instance, our method shows better false discovery rate control than the competing methods when $\documentclass[12pt]{minimal}
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Principal component analysis was used to correct for batch effects and the effects of hidden confounders prior to the introduction of surrogate variable analysis. This approach has proven very successful for genome-wide association studies ([@B26]). However, our simulation results show that naïve use of principal components for hidden factor adjustment can result in severe power loss, because the top principal components identified can be highly correlated with the primary variables when the effects of the primary variables are not too weak. When this is the case, principal component analysis should be avoided.
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[^1]: EUR, JPT and CHI, individuals of European, Japanese and Chinese ancestry, respectively; dSVA, direct surrogate variable analysis; IRW, iteratively reweighted surrogate variable analysis; 2-SVA, two-step surrogate variable analysis; RUV4, four-step remove unwanted variation method.
